INTRODUCTION
The underlying concept of precision agriculture is to recognize the existence of spatial variability in site variables such as yield, soil properties, environmental factors, and topography within fields, and to manage this variability accordingto site-specific conditionsand requirements in order to optimize crop yield and minimize environmental damage. The cycle of precision agriculture, or site-specific.
crop management (SSCM), requires: (I) intensive data collection, (2) decision making or managementplanning, (3) precision field operations and (4) evaluation (Sudduth, 1998) .
Understanding the response of crop yield to yield-limiting factors and the interrelationships among the factors. is critically important for successful SSCM (Sudduthet al., 1996) .
Relationships between crop yield and yield-limiting factors Scatter plots and correlation analysis can be used to visualize overall relationshipsamong field variables, while the multiple linear regression approach provides a relationship between a response variable (i.e., crop yield) and predictor variables (i.e., yield-limiting factors) (Cambardella et al., 1996; Mallarino et aI., 1996) . These methods are relatively easy to apply, but they are based on assumptions that: (I) relationships between variables can be parameterized in a suitable form and (2) yield-limiting factors are independent of one another. These assumptions are generally not true for spatial field data, leading to relatively small correlation coefficients and coefficients of determination.
Because the relationships between crop yield and yie1d-limiting factors can be nonlinearand complex, nonlinear models and parametric nonlinear regression may provide better results than linear methods. The most commonly accepted models for nutrient response are linear-plateau,
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exponential and quadratic models (Tisdale et aI., 1999 (Jensen, 1996) . Investigating the loading of the original variables to the principal components can help to organize the original independent variables into groups that behave similarly. However, after the principal component transformation is applied-it is often not easy to perceive the response of yield to the original variables.
As another approach to deal with correlated data, path analysis (e.g., Gravois and Helms, 1992) 
MATERIALSAND METHODS

A. Data Acquisition and Processing
Two geo-referenced data sets composed of crop yield and soil and plant properties were collected and processed. The soils found at field 2 were of the Mexico series (fine, smectitic, mesic aeric Vertic Epiaqualfs) and the Adco series (fine, smectitic, mesic aeric Vertic Albaqualfs). These
. soils were tormed in moderately-fine textured loess over a 1) Mention of trade names or commercial products is solely for the purpose of providing specific information and does not imply recommendation or endorsement by NIAE, Korea or USDA-ARS, USA.
fine textured pedisediment and were classified as somewhat Com yield data for field 2 were obtained in 1997 using a full-size combine equipped with a commercial yield monitoring system and global positioning system (GPS) receiver, using data collection and processing techniques described by Birrell et al. (1996) . Elevation and slope data were obtained using a Nikon Topgun A200LG total station surveying instrument (accuracy < I cm) and standard Not all variables were collected on the same spatial grid.
Therefore, the nearest neighbor method was used' to merge all observations with the most sparsely collected data. A total of 87 and 336 observations were obtained for fields I and 2, respectively. Means and standard deviations for the data sets, and optimum ranges of soil parameters for paddy' rice (NIAST, 1999) and com (Buchholz, 1983) are sum" marized in Tables I and 2 Table I Means and standard deviations of measured variables for field I (n=87), and optimum ranges of soil parameters for rice production. Table 2 Means and standard deviations of measured variables for field 2 (n=336), and optimum ranges of soil parameters for com production.
Optimum rangela] 6.5-7.5 50-80
lal Ranges were based on data in Buchholz (1983).
0.41-1.32 0.33-0.50 Tables 3 and 4 show the overall linear relationship between two variables.
Examination of the results shows that some variables (Mg vs. Ca, 0.98; Table 3 ) are more correlated than others (Kvs.
Ca, -0.13) and some variables have a positive correlation (P vs. yield, 0.27; Table 4 ) while others have a negative correlation (OM vs. EC., -0.15). As seen in Table 3 , when soil nutrient levels increase, rice yield may not only increase (for example, with Ca or Mg), but may decrease (for example, with PzOs and K). This situation is due to the interaction among variables limiting crop yield, and provides a motivation for using path analysis to obtain more insight about the correlation structure of the data.
Path analysis (Tables 5 and 6) (Table 4) , path analysis revealed a significant direct positive contribution of Table 5 Path analysis direct effects (diagonal, underlined) and indirect effects of limiting factors for rice yield (R2 = 0.14) and SPAD readings (R2 = 0.46") in field I. Table 6 Path analysis direct effects (diagonaL underlined) and indirect effects of limiting factors on yield for field 2 (R2=O.3I'). Mg (0.29, P<O.I, Table 6 ) and a negative contribution of Ca (-0.43, P<O.I). A considerable indirect positive contribution of Mg through CEC (0.29, Table 6 ) and a negative contribution of Mg through Ca (-0.27) were also found.
Independent variable ------------------------Direct and indirect contribution to dependent variables --------------------------
Independent variable ---------------"-----------------Direct and indirect contribution to crop yield -----------------------------------
Based on the correlation analysis alone (Table 4) , increasing the application of P and/or K would increase com yield.
With the help of path analysis, however, one might decide that com yield would also increase with added Mg. but would decrease with added Ca. The need for additional Mg is consistent with mean Mg levels being below the optimum range ( Table 2 ). The negative Ca-yield relationship is not because excess Ca reduces com yield. Rather, higher Ca levels are an indication of higher clay content in the soil since Ca is a major part of CEC. Soils with higher clay contents have lower plant-available water holding capacity, which could be expected to decrease com yield in dry years such as 1997.
B. Rice Growth and Limiting Factors
From the results for the rice paddy field (Table 5 ), the coefficient of determination for estimating rice yield (0.14)
was lower than that for chlorophyll content (SPAD, 0.46).
Also, the correlationcoefficientbetween yield and chlorophyll content was low (0.16, Table 3 ). This was possibly due to heavy rain during the summer rainy season of 1999 and pest damage before harvest. Using multiple regression with the forward variable selection option, pH, EC, Mg, Na, and
SiOz were selected as important variables explaining both rice yield and growth (SPAD readings), while Ca and K were selected only for rice yield and OM and PzOs were selected only for SPAD readings. The other variables did not meet the significance level for entry into the model (SLENTRY=O.5),and were not included in the path analysis (Table 5 ).
Correlation analysis (Table 3) showed that EC (0.24,. (Table 1) .
Increases in K and PzOs would not increase rice yield, and field means for these nutrients were above the recommended range (Table I ). The negative relationships of K and PzOs to rice growth might be due to over-supply of the nutrients from past field management.
Path analysis (Table 5) with SPAD readings, it should be noted (1) that.the overall relationship was mainly due to the indirect positive effects acting through Mg and SiOz, and (2) that pH not only showed negative direct effects, but also negatively affects indirect effects of other variables on SPAD readings. Therefore, an increase in pH might not be a reasonable option for increasing rice growth on this field, where mean pH was only slightly below the optimum range (Table I) . This is an example where path analysis provided additional information that could lead to a different management decision than the more conventional correlation analysis.
C. ComparingSmall Rice PaddyField and Large Upland Corn Field
Factors limiting crop growth and yield may be different for different fields due to reasons such as soils, crop variety, weather, and field management history. The rice paddy field (field I) was small in size (0.3 ha), flat, and mostly flooded
. by irrigationand heavy rain. Therefore,the amount and direction of water flow had a large effect on nutrient distribution (Chung et aI., 2000) . EC, Ca, and Si02 showed significant correlations with both rice growth and yield for field I (Table 3) . Topographic variables such as elevation and/or slope play considerable roles in the large (36 ha) upland field (field 2). P, K. ECa,and slope showed significant correlations with com yield for field 2 (Table 4) . Although correlation coefficients for elevation and slope were relatively low, they have significant direct effects (P<O.OI, Table 6 ) on com yield and significant correlations (P<O.OI, Table 4 ) with many other limiting factors.
Site variables behaved differently in the two fields.
Between. the fields, direct contributions were of opposite sign for pH, Mg, and Ca, while they were of the same sign for K. For example, pH had a negative direct contribution to rice yield in field I but a positive direct contribution to com yield in field 2. The coefficient of determination for com yield was greater than that for rice yield. These phenomena, however, were based only on one site-year of data. To generalize these results, data for multiple years should be investigated. Also, knowledge of other factors such as climatic conditions, previous crop history, and pest damage .would be needed to establish a more complete model of yield response to limiting factors.
D. Potential for Use of Path Analysis in Precision Agriculture
Although this study considered a number of variables, the regressions developed were not highly predictive. 
